Abstract In community-level ecological studies, generally not all species present in sampled areas are detected. Many authors have proposed the use of estimation methods that allow detection probabilities that are <1 and that are heterogeneous among species. These methods can also be used to estimate community-dynamic parameters such as species local extinction probability and turnover rates (Nichols et al. Ecol Appl 8:1213-1225 Conserv Biol 12:1390-1398. Here, we present an ad hoc approach to estimating community-level vital rates in the presence of joint heterogeneity of detection probabilities and vital rates. The method consists of partitioning the number of species into two groups using the detection frequencies and then estimating vital rates (e.g., local extinction probabilities) for each group. Estimators from each group are combined in a weighted estimator of vital rates that accounts for the effect of heterogeneity. Using data from the North American Breeding Bird Survey, we computed such estimates and tested the hypothesis that detection probabilities and local extinction probabilities were negatively related. Our analyses support the hypothesis that species detection probability covaries negatively with local probability of extinction and turnover rates. A simulation study was conducted to assess the performance of vital parameter estimators as well as other estimators relevant to questions about heterogeneity, such as coefficient of variation of detection probabilities and proportion of species in each group. Both the weighted estimator suggested in this paper and the original unweighted estimator for local extinction probability performed fairly well and provided no basis for preferring one to the other.
Introduction
Studies of animal communities must deal with species detection probabilities that are <1. Whether such studies are based on direct counts or captures of animals, it is likely that not all species in a sampled community are detected. Some ecologists have used estimators based on capture-recapture modeling to estimate species richness (Burnham and Overton 1979; Derleth et al. 1989; Karr et al. 1990; Dawson et al. 1995; Thiollay 1995; Bennetts et al. 1996; Boulinier et al. 1998a, b) .
The capture-recapture approach to estimating species richness has been extended to estimation of other community-dynamic parameters such as local rates of extinction, turnover, and spatial overlap Nichols et al. 1998a, b) . Many of these community-dynamic estimators are based on the robust design of Pollock (1982) . These estimators may be written as functions of the more frequently used species richness estimators developed for the case of heterogeneous detection probabilities among species (Burnham and Overton 1979; Smith and van Belle 1984; Chao et al. 1992 ; Bunge and Fitzpatrick 1993; Lee and Chao 1994; Norris and Pollock 1996) . Thus, heterogeneity of detection probability presents no problems with these estimators of parameters. However, Nichols et al. (1998a) speculated that frequently there will be a negative sampling covariance between species detection probability and many of these parameters, and that this covariation could produce bias.
The objectives of this work are to:
1. Present the ecological reasoning underlying the prediction that species detection probabilities and parameters such as local extinction probability should covary negatively. 2. Test this prediction using data from the North American Breeding Bird Survey (BBS). 3. Suggest a class of ad hoc estimators that may provide a reasonable alternative to the standard robust design estimators of Nichols et al. (1998a, b) in the situation where the heterogeneity among species includes negative covariation between detection probability and the parameter of interest. 4. Evaluate the performance of these estimators, as well as selected others relevant to questions about heterogeneity, via simulation.
In the Discussion, we note that existence of covariation between species detection probability and communitylevel parameters has important implications for other areas of investigation in community ecology such as nested subset patterns of species composition (e.g., Patterson 1984) and the relationship between abundance and extinction probability (Gaston 1994; McKinney 1997) .
Background

Community sampling
Several approaches can be used to sample a community. A very common method is based on some sort of quadrat sampling where an area of interest is subdivided into quadrats or other sampling units. Each species detected in the survey will have been detected on some quadrats and not on others, and these data are encoded as a row of 1's and 0's indicating the exact quadrats on which each species is detected (e.g., 01101 indicates a species detected on quadrats 2, 3, and 5, but not on 1 and 4). The detection history data are then used for estimation of species richness (Bunge and Fitzpatrick1993; Nichols and Conroy 1996; Boulinier et al. 1998a ). If such data are obtained from the same area for multiple seasons or years, then it is possible to estimate parameters associated with community dynamics, such as local species turnover and extinction probability Nichols et al. 1998a) .
Species detection probabilities
In the standard population-dynamic use of capturerecapture models, the capture probability (p ik ) denotes the conditional probability that animal k is caught during sample period i, given that the animal is alive and present in the sampled area at period i. Variation among individuals in this probability results from variation in such factors as movement patterns relative to traps or nets and wariness with respect to capture devices. The community-dynamic use of capture-recapture models requires a different view, as we define detection probability for a particular species (p ij ; where j denotes species and i denotes sample period), as the conditional probability that at least one individual of the species is detected at a sampling location, given the presence of at least one individual of the species in the area sampled at period i. If p ijk denotes the probability of detecting individual k of species j at sampling period i, then we can write the species detection probability as:
where n j is the number of individuals of species j exposed to sampling efforts. If all individuals of the species have the same detection probability (denoted as p ij .), then we can write the species detection probability as:
Thus, variation in species-specific detection probabilities arises from variation in the number of individuals in each species as well as from the factors that cause individuals of different species to differ in detection probability (e.g., movement patterns, size, secretiveness, vocalizations, wariness, etc.). For the sampling techniques likely to be used in most community surveys, we expect variation in species detection probabilities to be very large (see Sauer et al. 1994) and speculate that such variation will typically exceed that variation among individuals within a species.
Expected relationship between detection probability and community vital rates Some community-level parameters are likely a function of the number of individuals in the species in the sampled time and location. For example, Nichols et al. (1998a) noted that extinction probability is negatively related to population size, with small populations experiencing relatively high extinction probabilities as a result of demographic and/or environmental stochasticity (Bailey 1964; MacArthur and Wilson 1967; Goel and Richter-Dyn 1974; Gilpin and Soulé 1986; Boyce 1992; Burgman et al. 1993) . Turnover is a function of both extinction and colonization probabilities ) and should also vary inversely with population size and, therefore, species detection probability. Regarding spatial dynamics, the probability that a species in one location is also present at another location is likely to be a function of local and regional abundance, such that an abundant species in one location is expected to have a higher probability than a rare species of being found at a nearby location (Hanski et al. 1993; Gaston 1994) . The number of individuals in a species is thus a determinant of both species detection probability and certain communitydynamic parameters. Thus, we expect a relationship between these parameters and species detection probability.
The estimation problem
We focus our discussion on an estimator of local probability of extinction but would like to emphasize that the analyses can easily be extended to other community-dynamic parameters such as turnover rates . The approach assumes that data are available for two sampling periods (for instance, an initial year i and a later year j). Nichols et al. (1998a) proposed the following estimator for local extinction probability:
where' ij the estimated probability that a species present in the sampled area at time i is present in the sampled area at time j (j>i), R i is the number of species actually encountered in the sampling at time i, andM j is the estimated number of the R i species that are also present at time j. TheM j estimate is obtained using a richness estimator with species occurrence data (the detection histories) at time j of those species that were also members of R i (denote this number of species that were members of R i and detected at time j as m j ). This estimator of species richness can explicitly deal with heterogeneous detection probabilities (e.g., by using the jackknife estimator of Overton 1978, 1979) . The potential for bias in community parameters such as local extinction probability occurs because of the conditioning on the R i species detected at time i and the possibility that these species will likely not include an equal proportion of species with high and low detection probabilities. As local extinction probability may be a function of the number of individuals, the R i species detected may have a higher probability of being present at time j than the entire group of species present at time i. Thus, although we may be able to obtain an unbiased estimate of the local extinction probability of the R i species detected at time i, this estimate may be positively biased for all species present at time i, as it is based on a subset of species with relatively low extinction probabilities. Nichols et al. (1998b) have proposed the use of an estimator similar to that of Eq. 3 to estimate spatial turnover and similarity. In this case, i and j present two different areas sampled perhaps in the same year. The parameter φ ij now represents the probability that a species present in community i is also present in community j, so its complement (1−φ ij ) reflects spatial turnover or dissimilarities. If the species detected from community i tend to be the more locally abundant species (conferring higher detection probabilities), then if community j is in the same general area or region as community i, we might expect to find members of R i in community j with higher average probability than for the entire community of species at i, because of a possible relationship between abundance and range (Hanski et al. 1993; Gaston 1994 ). The possibility of R i being non-representative with respect to probability of occurrence in community j represents the same kind of problem noted with respect to the estimator (Eq. 3).
Materials and methods
Analyses of avian data
Data from the North American BBS (see Robbins et al. 1986 for details on the sampling scheme) have been analyzed to test our hypotheses about relationships between detection probabilities and community-dynamic parameters. The BBS consists of >4,000 roadside routes 39.4 km in length, surveyed once each year during the peak of the breeding season. A competent observer conducts fifty 3-min point counts at 0.8-km intervals along the survey route, recording all birds seen and heard at each stop. For the present analysis, we focused on the years 1976 and 1996 for three selected states representing differences in habitat and bird species composition: North Dakota, Maryland and Wisconsin. Previous work with BBS data from these states indicated the utility of a specific capture-recapture model that accounts for heterogeneous detection probabilities (known as the heterogeneity model) for estimating species richness and related quantities ).
Estimation methods
We were interested in developing estimators for local extinction probabilities (and other parameters) that account, at least to some degree, for heterogeneous detection probabilities and likely heterogeneous extinction probabilities. The proposed ad hoc approach categorizes species detected on a BBS route in 1 year (i.e. 1976) into two classes based on differences in species-specific detection frequencies (f i = number of species detected on exactly i stops on the BBS route, i=1, ⋯, 50), as these frequencies will be closely related to underlying detection probabilities. Specifically, we designated the species detected on only one or two stops (f 1 + f 2 ) as belonging to the "low-p" group, and the species detected on more than two stops (f 3 +⋯+f 50 ) as members of the "high-p" group. We expected this partitioning of species would result in two groups of species with different average detection probabilities. Species in the low-p group were predicted to have lower detection probabilities than species in the high-p group. Equation 3 was used to estimate local survival probability (complement of local extinction probability) for the interval 1976-1996 for species on each BBS route designated as high-p ð' h ij Þ and low-p ð' l ij Þ based on detection frequencies in 1976 (year i). Using the groupspecific estimates of extinction probabilities, a weighted estimator for the complement of local extinction probability is given bŷ
where
is the estimated proportion of species in the low-p group andN is an estimator of the total number of species in 1976. Note that the numerator of includes the estimated number of species not detected (seen on zero stops) on the route,f 0 ¼N À P t¼50 k¼1 f k : For comparison purposes, we computed extinction probabilities based on the weighted (Eq. 4) and the unweighted (Eq. 3) estimators.
The use of two groups of species with different detection probabilities is arbitrary, as we could have subdivided observed species into a greater number of groups and estimated local extinction for each group. We had several reasons for using only two groups. First, we wanted to retain an adequate number of species in each group to still obtain reasonable estimates of local extinction probability. Second, Carothers (1973) provided a justification for using a two-group distribution to investigate the effects of heterogeneous capture probabilities on capture-recapture estimators, noting that the first two moments of the detection probability distribution were sufficient to explain most of the heterogeneity and the effects of skewness and kurtosis were almost negligible. Carothers (1973 Carothers ( , 1979 then successfully used a twogroup distribution in investigation of bias in open-model capture-recapture estimators. Finally, during the course of this investigations we became aware of the work of Pledger (2000) , who studied use of mixture models with fixed numbers of groups for estimation under closed population capture-recapture models and concluded that "a simple dichotomy of the animals is enough to substantially correct for heterogeneity-induced bias in the estimation of population size".
We thus used two groups of species defined by the different detection frequencies in 1976, and estimated the average route-level detection probabilities for each group based on jackknife estimates of species richness (Burnham and Overton 1979; Boulinier et al. 1998a) . The estimator of route-level detection probability is given bŷ
where m j g is the number of species assigned to group g in year i that were also detected in year j, andM g j is the number of species assigned to group g in year i that were estimated to be present in j.
As a measure of the degree of heterogeneity in species detection probabilities, we used the estimator for the coefficient of variation of capture probabilities under the heterogeneity model (M h ) proposed by Lee and Chao (1994) . This estimator is given bŷ
where all the summations go up to t=50 stops. This is an estimator of the coefficient of variation for stop-level rather than route-level species detection probabilities.
Predictions and associated tests
As discussed and justified in the Background section, the following predictions were tested based on 1976 and 1996 data for the three states: local probability of extinction for the high-p groups should be smaller than for the low-p groups ð'
h ij < 0Þ; the proposed weighted estimates for overall survival (based on estimates from the two groups) will be smaller than the unweighted estimates ð' w ij À' ij < 0Þ; and the precision of the weighted estimator may be poorer as it is based on more parameters to be estimated. We used Wilcoxon signed-rank tests for paired samples based on the estimated differences of the estimators for the corresponding parameters.
We also expected that species characterized by low detection probabilities in 1976 will likely have low detection probabilities in 1996. This prediction was tested using route-level detection probabilities for each group estimated from the same data used to test for differences in local extinction ðp h j;r Àp l j;r > 0Þ: We view this test as a check on the efficacy of our approach to classifying species by detection probability using detection frequencies.
Computer simulation analyses
We used computer simulation to evaluate estimator performance. Our primary interest was in the performance of the proposed original unweighted (Eq. 3) and weighted (Eq. 4) community parameter estimators. We also evaluated the performance of other estimators relevant to the issue of heterogeneous detection probabilities such as our ad hoc "estimator" for the proportion of species in the low-p group,; and the coefficient of variation of detection probability,; given by (Eq. 5) and taken from Eqs. 3.2, 3.20 and 3.23 of Lee and Chao (1994) .
All simulations were based on two-group distributions for the reasons discussed above (Carothers 1973 (Carothers , 1979 Pledger 2000) . Species detections were simulated for two points in time, and the resulting data were used to estimate the quantities noted above. The number of species in the community at each time period was set at 100. Solving a system of equations that accounts for estimates of average route-level detection probabilities and stop-level coefficient of variation, we were able to define plausible parameter sets (based on BBS data) for our simulations. If species detection probabilities are constant for all stops, then route-and stop-level detection probabilities are related by: p r =1−(1−p) t , where p r and p denote routeand stop-level detection probabilities, respectively, and t is the number of stops on the route. Fourteen different scenarios were chosen for our investigations ( Table 1) .
The proportion of species in the low-p group was permitted to vary from 0.3 to 0.9, and the average species detection probability at the route level was varied from 0.6 to 0.8 (Table 1 ) in order to reflect our experience with BBS data sets. These average route-level detection probabilities produced average stop-level detection probabilities ranging from about 0.02 to 0.07 (Table 1) , and we investigated coefficients of variation for the stop-level detection probabilities (κ) of 0.5, 1.0, and 1.5. For these twogroup distributions, the coefficient of variation is given by
where p l and p h are the stop-level detection probabilities for the low-p and high-p groups, respectively (see Carothers 1973) . The complement of species extinction probability was set equal to 0.70 for the low-p group and 0.95 for the highp group. The different proportions of species in these two groups (θ) led to average local survival probabilities ranging between 0.725 and 0.875 (Table 1 ). Simulation procedures generally followed the bootstrap methodology presented in Nichols et al. (1998a) , and all results are based on 200 simulations. We used software developed by Hines et al. (1999) , based on the jackknife estimator of Overton (1978, 1979) 
The variance of the estimator,; was computed as
199
; and the RMSE was then computed as .95 for each set of parameters; where N is total species richness, φ l is the complement of local extinction probability in the low-probability (low-p) group, and φ h is the complement of local extinction probability in the high-p group, θ proportion of species in the low-p group, φ w complement of overall (weighted) local extinction probability, p l stop-level species detection probability in the low-p group, p h stop-level species detection probability in the high-p group, p average stop-level species detection probability, κ stoplevel coefficient of variation of species detection probabilities, p r l route-level species detection probability in the low-p group, p r h route-level species detection probability in the high-p group, p r average route-level species detection probability We view RMSE as the best overall metric reflecting estimator performance.
Results
Analysis of BBS data
Results are based on BBS routes monitored in 1976 and 1996 in Maryland (39 routes), North Dakota (21) and Wisconsin (49). Table 2 shows that the mean avian species richness estimates on these routes for all three states were smaller in 1976 than in 1996. The mean estimated κ of Lee and Chao (1994) , Eq. 5, were largest in North Dakota and smallest in Maryland for both years, but detection probabilities appear to be quite variable among species in all three states. The state averages of our ad hoc estimates for the proportion of species in the low-p group ranged form 0.43 to 0.56, yielding adequate numbers of species detected in each species group.
In Table 3 , we present other community parameter estimates and results from the Wilcoxon signed rank test statistics associated with our predictions. Our ad hoc method of partitioning the observed detection frequencies into two groups in 1976 yields estimates of route-level species detection probabilities for 1996 that are very consistent among the states. The state averages for routelevel detection probability ranged between 0.80 and 0.83 for the low-p groups and between 0.90 and 0.93 for the high-p groups. We found strong evidence of different detection probabilities for the two groups in the three states. The state means for the complement of local extinction probability ranged from 0.70 to 0.75 for the low-p group and were >0.95 for the high-p group. The results provided strong evidence of lower extinction probabilities for species in the high-p group. The weighted estimates for the complements of local extinction (Eq. 4) were indeed generally lower than the estimates based on the unweighted estimators, but differences were smaller than anticipated.
Simulation results
Our ad hoc approach to estimating the complement of local extinction probability typically provided negatively biased estimates for the high-p group and positively biased estimates for the low-p group (Table 4) . Both weighted and unweighted estimates of overall survival tended to be positively biased for most scenarios, and the percent relative bias for the weighted estimates was smaller, as expected (Table 5) . However, the unweighted estimator For differences between local extinction probabilities for the lowand high-p groups c For differences between weighted and unweighted estimators of local extinction probabilities did not perform nearly as badly as we had expected, with %bias never exceeding 6.5% (Table 5 ). The RMSE for the weighted and unweighted estimators were very similar, leaving little basis for preference of one estimator over the other.
The estimator for the coefficient of variation of stoplevel detection probability among species exhibited negative bias in all 14 scenarios (Table 6 ). Examination of RMSE suggests that the Lee and Chao (1994) estimator for coefficient of variation performs better when heterogeneity in detection probabilities is higher. We also examined the performance of using our ad hoc approach of simply grouping species based on capture frequencies. The RMSE was reasonable when θ was relatively large (e.g., θ≥ 0.7), but was quite high for smaller θ (Table 6 ).
Discussion
Our analysis of BBS data provided strong evidence of a negative relationship between detection probability and local extinction probability. We have noted that specieslevel detection probabilities can be written as functions of detection probabilities for individual animals and the number of individuals in a species (e.g., Eqs. 1, 2). If the sole reasons for heterogeneous detection probabilities among species were differences among individuals of different species in behavior and activity patterns, then we would have expected to see no difference between local extinction probabilities of species detected frequently vs. infrequently. We believe that the substantial difference between local extinction probability estimates for our lowp and high-p groups can be attributed directly to differences in abundance, with the low-p species being much less abundant.
The results provide empirical support for the modelbased prediction of a negative relationship between abundance and extinction probability (e.g. Bailey 1964; MacArthur and Wilson 1967; Goel and Richter-Dyn 1974; Gilpin and Soulé 1986; Boyce 1992 ; Burgman et al. Table 4 Simulation results for the complement of local extinction probability estimator in the low-p and high-p groups; the true parameter values were set to φ l =0.70, and φ h =0.95.' l estimates of the complement of local extinction probability for the low-p group, ' h estimates of the complement of local extinction probability for the high-p group, %BIAS relative bias, RMSE root mean squared error; for other terms, see Table 1 Scenario Estimates %BIAS RMSÊ Table 5 Simulation results for the complement of local extinction probability estimator where φ w corresponds to the true parameter values based on the weighted approach.' w weighted estimates of the complement of local extinction probability,' unweighted estimates of the complement of local extinction probability; for abbreviations, see Table 4 Scenario φ Table 6 Simulation results for proportion of species in the low-p group and coefficient of variation estimator. estimates of the proportion of species in the low-p group, estimates of the stop level coefficient of variation of detection probabilities. For abbreviations, see Table 4 Scenario For example, assume a situation in which there is a relationship between detection probability and abundance, but no relationship between abundance and extinction probability. Of all species detected at time t, those with larger population size will be more likely detected at some later time, t+Δ, and less abundant species will be less likely detected, lending the appearance of a negative relationship between extinction probability and abundance. In the work reported here, detection probabilities were explicitly included in our efforts to estimate numbers of surviving species from the low-p and high-p groups. We view the differences in local extinction probabilities for species in the two groups as an interesting and important ecological result. This covariation analysis between species detection probabilities and community-level parameters was motivated by our interest in estimating local species extinction probability, local species turnover, and probability of species sharing two areas. The existence of detection probabilities <1 and their covariation with community parameters are also relevant to other ecological relationships involving communities. Consider nested subset analysis, in which communities in archipelagos, for example, are investigated to determine the degree to which species in smaller biotas are also found in larger ones (e.g., Patterson and Atmar 1986) . The existence of detection probabilities <1 is typically not considered in nested subset investigations and could affect analyses in various ways. For example, consider a situation of three perfectly nested communities, in the sense that all species found in the smallest community are found in both larger communities, and all species found in the second-largest community are also found in the largest community. Species missed (not detected) in the second-largest community, yet detected in the largest and smallest community, would appear to deviate from the actual pattern of perfect nesting. On the other hand, the covariation between detection probability and both extinction probability and species sharing probability (the probability that a species present on one area is also present on another) could result in the species missed (not detected) on one area being those species least likely to be present on another area in the archipelago. This problem of species least likely to be shared by two communities also being least likely to be detected when present, would cause communities to appear nested to a greater degree than they actually were. Thus, we strongly recommend the use of species co-occurrence estimators ) for nested subset analyses (see Cam et al. 2000) . We also believe that our results are relevant to various other types of investigations in community ecology and emphasize the importance of considering detection probability explicitly in analyses.
Our empirical analyses were also directed at questions regarding the estimation of local extinction probability in the face of the negative relationship of this quantity and detection probability. Our ad hoc weighted estimates of local species survival were higher than the estimates based on the original estimators proposed by Nichols et al. (1998a) . However, the difference was much smaller than we had expected, suggesting that bias associated with the original estimators is not large. There was a slight tendency for the precision of estimates to be larger for our ad hoc weighted estimator, although the difference was again smaller than we had expected.
The simulation results permitted us to address estimator performance directly. The ad hoc weighted estimator and the original unweighted estimator performed similarly, as both tended to be slightly positively biased. RMSE for the two estimators were very similar, leaving no real basis for selecting one estimator over the other. Ease of computation leads us to slightly prefer the original unweighted estimator, which should be a reasonable selection for future analyses of BBS data.
The estimator for κ from Lee and Chao (1994) showed negative bias for all scenarios. Comparison of the estimators assessed here with results obtained using the estimators of Pledger (2000) deserves a good deal of attention. Pledger's approach seems promising because it allows estimation of species detection probability in each group as well as the probability of group membership (i.e., analogous to our ad hoc θ).
All our simulation results are obviously scenariodependent as we tried to use sampling schemes that reflected results from the BBS data. Analyses of different kinds of community-level data may merit additional simulations tailored to other sampling situations.
In conclusion, we provided strong empirical evidence that local extinction probability covaries negatively with species detection probability and probably abundance of individuals within species. This empirical result is based on methods that permit heterogeneity in species detection probabilities and thus differs from virtually all previous work on this and related topics. Community-dynamic estimators (e.g., Nichols et al. 1998a, b) based on the jackknife estimator of Overton (1978, 1979) appear to perform reasonably well for community analyses of data obtained under sampling situations similar to that of the BBS. When community-level work is conducted using data collected under different sampling schemes, then it may be wise to revisit questions about estimator performance.
